In the present study, Quantitative Structure-Activity Relationship (QSAR) modeling has been carried out for lipid peroxidation (LPO)-inhibition potential of a set of 27 flavonoids, using structural and topological parameters. For the development of models, three methods were used: (1) stepwise regression, (2) factor analysis followed by multiple linear regressions (FA-MLR) and (3) partial least squares (PLS) analysis. The best equation was obtained from stepwise regression analysis (Q 2 = 0.626) considering the leave-oneout prediction statistics. Warsaw and Springer-Verlag Berlin Heidelberg. 
Introduction
Oxygen is essential as a terminal acceptor of electrons during cellular respiration and tends to form highly reactive oxygen species (ROS), which can initiate free radical formation through chain reactions and cause damage to several cellular components [1] . ROS and other pro-oxidants cause decomposition of ω 3 and ω 6 polyunsaturated fatty acids of membrane phospholipids leading to the formation of aldehydic end products including malondialdehyde (MDA), 4-hydroxy-2-nonenal (4-HNE) and 4-hydroxy-2-alkenals (HAKs) of different chain length. These aldehydic molecules have been considered as ultimate mediators of toxic effects elicited by oxidative stress occurring in biological membranes [2] . Lipid peroxidation has been related to the pathophysiology of several diseases like diabetes, liver cirrhosis [3] , some pulmonary and hepatic diseases [4] , cancer [5] , and toxicity of some drugs, e.g., cardiotoxicity of doxorubicin [6] . Thus, the balance between pro-oxidants and antioxidants is very important for survival. The cell damage through free radical mediated reactions can be protected by enzymatic and non-enzymatic defense mechanisms [7] .
It is reasonable to believe that in cases of either impaired defense mechanisms or excess generation of free radicals that are not counterbalanced by endogenous defense, exogenous antioxidants could play an important role in preventing oxidative damage in cells and tissues, by scavenging ROS. Vitamin C, tocopherols, carotenoids and some synthetic substances like butylated hydroxyanisole (BHA) and butylated hydroxytoluene (BHT) act as as antioxidants and are widely used in many areas of human life. Since synthetic antioxidants have shown some toxic effects, investigations of antioxidants are now focused on naturally occurring substances, especially plant polyphenols. This large group of secondary plant metabolites includes flavonoids, phenolic acids, and tannins. In spite of their large structural diversity, they all share the common chemical feature of one or more phenolic groups, which act as hydrogen donors to neutralize the ROS [8] .
Flavonoids are polyphenolic compounds classified as benzo-γ-pyrone derivatives with a basic structure that consists of 15 carbon atoms arranged in three rings named A, B and C (Fig. 1) . Common family members of flavonoids include flavones, flavonols, flavanones, isoflavones, biflavanones, catechins and anthocyanidins. The structural difference in each flavonoid family results from the variation in the number and substitution pattern of the hydroxyl groups and the extent of glycosylation of these groups [9] [10] . Structural diversity of flavonoids allow them to exhibit antineoplastic, antihepatitis, antibacterial, anti-inflammatory, antimutagenic, antiallergic, antithrombic, antiviral and vasodilatory activities [11] [12] . The potent antioxidant activity of flavonoids, i.e. their ability to scavenge hydroxyl radicals, superoxide anions and lipid peroxy radicals, could be the most important function of flavonoids and underlie many of the above processes in the body [13] . Quercetin, one of the potent antioxidant biflavonoid compounds, has been shown to alleviate oxidative injury by modulation of gene expression leading to suppression of production of reactive oxygen and nitrogen species and conferring an antiapoptotic activity [14] . It has been reported recently that fisetin, chrysin, morin and 3-hydroxyflavone have antioxidant and antihemolytic effects [15] . Galangin and its derivatives, quercetin, morin, myricetin, oligomeric proanthocyanidins and flavanones have been shown to inhibit the oxidation of lipids and can be utilized in preventive and treatment protocols for inflammatory conditions, cancer, asthma, liver disease, cardiovascular disease and muscular degeneration [16] [17] . Intake of antioxidant compounds present in food is an important health-protecting factor. Flavonoids, which occur both in edible plants and in foodstuffs derived from plants (e.g., fruits and vegetables, red wine and tea), form substantial constituents of the human diet. Therefore, flavonoids given as biological substances in foodstuffs might be applied to the prevention and treatment of human diseases [18] .
The number of flavonoid derivatives is more than 4000 and their antioxidant properties are very different. It is a complex task to select the most effective antioxidants from a large number of flavonoids [19] . Because of their great number and positive biological effects, flavonoids are a popular topic for Quantitative structure-activity relationship (QSAR) studies. Khlebnikov et al. [20] reported a QSAR model to predict antioxidant activity of flavonoids in chemical, enzymatic and cellular systems using physicochemical and structural descriptors. A QSAR study was performed on flavonoid derivatives as potential p561ck tyrosine kinase inhibitors using hydration energy and logP as a predictor parameters [21] . Badhan et al. [22] performed in silico modeling of the interaction of flavonoids with the human-p-glycoprotein nucleotide-binding domain. Karawajczyk et al. [23] reported a QSAR model by neural network modeling to investigate the properties of flavonoids influencing the binding to bilitransloase. A density functional study of flavonoids compounds with anti-HIV activity was done using the multiple linear regression method [24] . A QSAR study of flavonoid-mediated inhibition of breast cancer resistance protein was performed using three structural descriptors [25] . A study involving multiple linear regression (MLR) and partial least squares (PLS) regression applied to flavonoid compounds with anti-HIV activity has been reported [26] . Structureradical scavenging activity relationships of flavonoids were reported using simple indicator variables by MLR method [27] . Farkas et al. [19] reported quantitative structure-antioxidant activity relationships of flavonoids using constitutional, topological and connectivity indices employing the PLS method. In the present paper, we have modeled the lipid peroxidation (LPO)-inhibition potency of the flavonoid data set reported by Rasulev et al. [28] , using electrotopological state atom (E-state) parameters and some other topological and structural descriptors, by stepwise regression analysis, factor analysis followed by multiple linear regression (FA-MLR) and partial least squares (PLS) methods.
Materials and Methods

Materials
Several types of descriptors have been used for the present QSAR modeling, namely: structural descriptors, [29] such as H_bond_donor, H_bond_acceptor, Chiral centers; topological descriptors, such as Balaban's J index (Jx) [30] , Kappa shape index
) [32] [33] , Wiener index (W) [34] , Zagreb index (Zagreb) [35] , subgraph count (SC_0, SC_1, SC_2, SC_3P, SC_3C) [36] , flexibility index φ [37] , E-state index [38] [39] [40] of common atoms of the flavonoids, i.e.,S 1 to S 17 ( Fig. 1) The E-state index has been shown to be a useful tool in the context of QSAR studies and reported to have power to identify atoms or fragments in the molecules, which are important for the biological activity [39] [40] . The present group of authors also has used E-state parameters to explore QSAR of ligands acting on pharmacologically relevant targets of contemporary interest [41] [42] [43] [44] [45] [46] [47] [48] . Antiradical and antioxidant activities of flavonoids were also modeled using E-state parameters [49] . In continuation of such efforts, the present communication attempts to show the utility of E-state parameters along with other topological and structural descriptors in QSAR studies by exploring QSAR of lipid peroxidation inhibition potency of flavonoids (%I LPO ) reported by Rasulev et al. [28] .
Methods
For the development of equations three methods were used: (1) stepwise regression, (2) factor analysis followed by multiple linear regressions (FA-MLR) and (3) partial least squares analysis.
Stepwise Regression
In stepwise regression [50] , a multiple term linear equation was built step-by-step. The basic procedure involves (1) identifying an initial model, (2) iteratively "stepping", i.e., repeatedly altering the model of the previous step by adding or removing a predictor variable in accordance with the "stepping criteria", (F = 4 for inclusion; F = 3.9 for exclusion in our case) and (3) terminating the search when stepping is no longer possible given the stepping criteria, or when a specified maximum number steps has been reached. Specifically, at each step all variables are reviewed and evaluated to determine which one will contribute most to the equation. That variable will then be included in the model, and the process started again. A limitation of the stepwise regression search approach is that it presumes that there is a single "best" subset of X variables and seeks to identify it. There is often no unique "best" subset, and all possible regression models with a similar number of X variables as in the stepwise regression solution should be fitted subsequently to study whether some other subsets of X variables might be better.
FA-MLR
In case of FA-MLR [51] [52] , a classical approach to the MLR technique was used as the final statistical tool for developing classical QSAR relations and FA was used the data-preprocessing step to identify the important descriptors contributing to the response variable and avoid collinearities among them. In a typical FA procedure, the data matrix is first standardized, and a correlation matrix, and subsequently, the reduced correlation matrix are constructed. An eigenvalue problem is then solved and the factor pattern can be obtained from the corresponding eigenvectors. The principal objectives of FA are to display multidimensional data in a space of lower dimensionality with minimum loss of information (explaining >95% of the variance of the data matrix) and to extract the basic features behind the data with the ultimate goal of interpretation and/or prediction. FA was performed on the data set(s) containing biological activity and all descriptor variables, which were to be considered. The factors were extracted by principal component method and then rotated by VARIMAX rotation (a kind of rotation which is used in principal component analysis so that the axes are rotated to a position in which the sum of the variances of the loadings is the maximum possible) to obtain Thurston's simple structure. The simple structure is characterized by the property that as many variables as possible fall on the coordinate axes when presented in common factor space, so that the largest possible number of factor loadings becomes zero; this is done to obtain a numerically comprehensive picture of the relatedness of the variables. Only variables with non-zero loadings in such factors where biological activity also has nonzero loading were considered important in explaining the variance of the activity. Further, variables with nonzero loadings in different factors were combined in a multivariate equation.
PLS
PLS is a generalization of regression, which can handle data with strongly correlated and/or noisy or numerous X variables [53] [54] . It gives a reduced solution, which is statistically more robust than MLR. The linear PLS model finds "new variables" (latent variables or X scores) which are linear combinations of the original variables. To avoid overfitting, a strict test for the significance of each consecutive PLS component is necessary and then stopping when the components are nonsignificant. Application of PLS thus allows the construction of larger QSAR equations while still avoiding overfitting and eliminating most variables. PLS is normally used in combination with crossvalidation to obtain the optimum number of components. This ensures that the QSAR equations are selected based on their ability to predict the data rather than to fit the data. In case of PLS analysis on the present data set, based on the standardized regression coefficients, the variables with smaller coefficients were removed from the PLS regression until there was no further improvement in Q 2 value irrespective of the components.
Data treatment and software
The lipid peroxidation inhibition potency (% I LPO ) of the flavonoid compounds was used as the response variable for subsequent QSAR analyses. Twenty seven compounds were considered in the present study (Table 1 ). All the compounds contain 17 common atoms (excluding hydrogens). The atoms of the molecules were numbered keeping serial numbers of the common atoms same in all the compounds (as shown in Fig. 1 ). The electrotopological states of the 17 common atoms for all of the compounds were found out using a GW-BASIC program ELECTRO1 developed by one of the authors [55] . The program uses, as input, only the connection table in a specific format along with intrinsic state values of different atoms. To the output file thus obtained, the biological activity data were introduced to make it ready for subsequent regression analysis. The other E-state indices of different fragments and topological and structural descriptors have been generated by Descriptor+ modules of the Cerius 2 version 4.8 software [56] from Accelrys (San Diego, USA) running on a Silicon Graphics O2 workstation under the IRIX 6.5 operating system. The stepwise regression and FA and MLR were performed using the statistical software SPSS [57] . PLS was performed using the statistical software MINITAB [58] . The statistical qualities of the MLR equations [59] were judged by parameters as explained variance (R 2 a ), correlation coefficient (R), standard error of estimate (s) and variance ratio (F) at specified degree of freedom (df). All accepted MLR equations have regression coefficients and F ratio significant at 95 and 99% levels, respectively, if not stated otherwise. The generated QSAR equations were validated by leaveone-out statistics using MINITAB software [58] and the calculated parameters are predicted residual sum of squares (PRESS) [60] [61] , cross validation R 2 (Q 2 ), standard deviation based on PRESS (S PRESS ) [61] and standard deviation of error of prediction (SDEP) [62] .
Results and Discussion
The results obtained from different statistical methods are described below and the interpretations of the equations are also depicted.
Stepwise regression
Using stepping criteria based on F value (F = 4.0 for inclusion; F = 3.9 for exclusion), different equations were derived after successive addition of descriptors.
(1)
The standard errors of the respective descriptors are mentioned within parenthesis. On using single best parameter (J X ), Eq. (1) could explain and predict 21.7% and 14.5% respectively of the LPO-inhibition potency. The positive coefficient of Jx indicates that the average distance sum of the connectivity among different groups is conducive for LPO-inhibition potency. The stepwise development of equations along with the changes in statistical qualities on gradual addition of descriptors is shown in Table 2 . (2) On inclusion of S 12 along with J X , it is observed that there is significant increase in the statistical quality of the equation (explained and predicted variances of 55.8% and 50.7% respectively of LPO-inhibition potency). The negative coefficient of S 12 indicates that LPO-inhibition potency decreases with increase in E-state value of atom 12. The positive coefficient of J X also signifies the importance of relative distance among different groups. The best trivariate equation is given below. The final equation could explain and predict 70.0% and 62.6% respectively of the variance of LPOinhibition potency. The descriptor S_ssCH 2 has positive coefficient, whereas S 12 has negative coefficient towards the activity. The negative coefficient of S_dCH 2 indicates that increase in E-state value of =CH 2 fragment is detrimental to the activity.
FA-MLR
From the factor analysis on the data matrix consisting of free radical scavenging potential data (%I LPO ) of flavonoids and descriptors, it was observed that 7 factors could explain the data matrix to the extent of 95.8%. The lipid peroxidation inhibition potency is highly loaded in factor 2 (loaded in S 12 , S 14 , S 15 , S 16 , S 17 , S_aaCH, S_ aasC) and moderately loaded in factor 1 (loaded in S 11 , S_sssCH, S_sOH, S_dO, S_ssO, Jx, 1 κ,
, SC_0, SC_1, SC_2, SC_3P, SC_3C, W, Zagreb, H_bond_acceptor, Chiral centers) and factor 5 (loaded in S 3 ). Based on the results of FA (Table 3) , an equation similar to Eq. (2) was obtained. Table 3 . Factor loadings of the variables (lipid peroxidation inhibition potency (%I LPO ) and predictor variables) after VARIMAX rotation.
PLS
The number of optimum components was 4 to obtain the final equation (optimized by crossvalidation). Based on the standardized regression coefficients, the following variables were selected for the final equation:
Eq. (5) 
Overview
The present QSAR study has explored the utility of topological indices for explaining and predicting the lipid peroxidation (LPO) inhibition potency of flavonoids. (4), which is the final equation. Fig. 2 shows that the observed and calculated values according to Eq. (4) have a good linear relationship. The intercorrelation among parameters used in the equations is shown in Table 4 . From Table 4 , it is also observed that J x and S_ssCH 2 (in Eq. 3), r = 0.743) are highly intercorrelated. The equations from all three statistical techniques indicate that parameter S 12 has a negative coefficient for LPO inhibition potency. From stepwise regression and PLS analysis it is observed that the E-state values of fragments like -CH 2 -are conducive for the LPOinhibition potency. The model obtained from stepwise regression analysis further indicates that average distance sum of the connectivity among different groups is beneficial for the activity. Stepwise regression analysis also indicates that E-state value of =CH 2 fragment is detrimental to activity. It means that if the E-state index of =CH 2 fragment increases, the inhibition potency of the compounds will be decreased. In this data set, =CH 2 fragment is present only in two compounds, 26 and 27. The model from PLS also indicates that E-state value of the fragment has positive effect on the LPOinhibition potency. For example, compound 25, which has a high value of S_aasC, has a high LPO-inhibition potency, whereas compound 16, which has a low value of S_aasC, has a low LPO-inhibition potency.
Conclusions
In this QSAR study, the best equation (Eq. 4) has been obtained from stepwise regression analysis (Q 2 = 0.626) considering the leave-one-out prediction statistics. The model shows the utility of topological and structural parameters in QSAR for a better understanding of the lipid peroxidation inhibition potential of flavonoid compounds. Table 4 . Intercorrelation matrix for descriptors used in Eqs. (1)- (5). Table 5 . Statistical qualities of the equations in lipid peroxidation inhibition potency of flavonoids.
